T HE number of elderly and those suffering from a long term chronic condition is increasing within our population [1] . As a result, there is an increased strain being placed upon the delivery of health and social care provision. Assistive technologies and services, wearable systems and intelligent environments are now being regarded as real opportunities with the potential to address a number of these challenges within the home environment.
I. IN TRODU CTION
T HE number of elderly and those suffering from a long term chronic condition is increasing within our population [1] . As a result, there is an increased strain being placed upon the delivery of health and social care provision. Assistive technologies and services, wearable systems and intelligent environments are now being regarded as real opportunities with the potential to address a number of these challenges within the home environment.
One of the key requirements of these technology based solutions is their ability to monitor activities of daily living (ADLs). The assessment of ADLs can provide a good indication of the status of both health and wellbeing [2] . For some people, for example persons suffering from dementia, it becomes difficult to remember the correct sequence of the sub-activities within an ADL. In other cases difficulties exist in the completion of the entire sequence of the activity itself. In recent years a significant amount of effort has been 978-1-4244-6561-3/10/$26.00 ©2010 IEEE devoted to the automatic recognition of activities within intelligent environments with the goal of providing automated support in the completion of activities.
In our current work we have investigated the potential of a model checking approach for recognition of ADLs within intelligent environments. Model checking is an automatic technique used for verifying fmite state systems [3] , [4] . In our work we formalize the intelligent environment as a model and with the model checker we verify the properties of the model. Each property of the model can be viewed as the composition of the information gleaned from different sensors, each of which subsequently represents an activity. In this paper we focus on the specific use case of when a user begins an activity and does not complete it within a specified period of time. This is a common feature of persons suffering from dementia and can lead to a number of potential hazards.
We have developed a Bounded Model Checker based on a Linear Temporal Logic for the online analysis of a stream of events for the recognition of ADLs. As an instrumental step we also propose a L T logic that combines past operators with real time constraints. To analyze the performance of our approach we have executed a series of twelve experiments reproducing real settings in a smart kitchen environment.
The remainder of the paper is structured as follows. Section II presents a brief overview of related work in the area of activity recognition. Section III presents the details of the logic used and the formulation of the model checker. The intelligent kitchen environment used for the experiments is discussed in Section IV. Section V presents the evaluation of our approach and Conclusions are drawn in Section VI.
II. RELATED WORK
A common approach to the problem of activity recognition has been the development of automatic methods for the extraction of high-level semantic information from low-level data acquired through sensors with the ability to detect events such as the opening/closing of a door, the turning on or off of electrical devices and the movement in a room [5] . Machine learning technologies [6] , logical approaches [7] and probabilistic methods [8] , [9] have been investigated for the purposes of automatic activity recognition.
These approaches have, however, experienced a number of shortcomings. These have mainly been related to managing the challenges associated with the complexity of human activities and the imprecision and incompleteness of information extracted by sensors within the environment.
An alternative approach to the development of automated activity recognition systems based on sensor data is considered to be the use of vision processing. Mihailidis et al. [10] and Boger et al. [11] have developed a number of automated approaches based on vision processing to support the ADL of hand washing. The use of the cameras to provide the base level information of a user's activities has the potential to reduce the incompleteness of the information extracted and subsequently provides superior results in comparison to rudimentary sensor based systems. The main drawback is that these approaches work in restricted environments and may be limited to recognizing a small number of actions.
To address the limitations of the management of the information extracted by the devices to the recognition of the ADL we have opted to base our approach of automatic activity recognition on a model checker primarily based on its deterministic nature. Moreover, a model checking based approach does not require a dataset for the learning phase and is therefore independent of sensors used and of the environment itself.
III. METH OD S

A . Temporal Logic
We have developed a model checker based on bounded temporal past linear logic [12] , [13] . We have chosen past temporal logic given its ability to manage a sequence of events which have occurred in the past. Coupled with this we have chosen linear logic given that previous sequences of events are deemed to be unique. We have used bounded logic to control the number of states and subsequently reduce the computational complexity of the model checking process.
In the followings paragraphs we present the syntax and the semantics of the logic used.
1)
Syntax: Given a model of a system, it can be represented as a directed graph consisting of nodes and edges. Each node represents a state of the system which in itself contains some atomic proposition (AP). An AP represents the basic properties of the model. The edges of the directed graph represent the transitions between two nodes. In our case every node may be considered to have an absolute time (temporal logic) and there is only one edge which leaves the node (linear logic). A formula is a property of the model and it is built as a combination of AP, Boolean connectors and temporal operators. Table I shows the syntax of the logic. The past temporal operators are S (Since), H (Historically), 0 (Once) and Y (Yesterday) [13] , [14] . We have introduced the index 't to specify the temporal interval where the formula must be verified, 't represents the bounded interval [t; , tJ when t; s t; V i,j E Z-U to}. We have implemented past operators without 't, in this case the model checker considers the entire bounded path.
2) Semantic Definitions: The semantics defme all of the operators which can be used. 
B. Model Checker
As previously described we have implemented a model checker (MC) based on its deterministic nature in comparison with the use of machine learning and probabilistic methods which suffer from forms of inherent error rates. The scope of the MC is the verification of formulas within the model itself. This process is based on the Clarke algorithm [15] . The input to the MC is the model of the system and its properties. The outputs from the MC are the details of the temporal instances when the properties are verified by the model. The application has been designed to evaluate measurements in an on-line fashion and has the ability to raise alerts in instances when an abnormal situation is detected.
C. DANTE We have used the DANTE technology to construct the dataset for our experiments [16] . This application supports the video recording and 3D tracking of objects within the environment. The DANTE Visual Tracking System allows video recording and 3D tracking of objects through the use of paper markers attached to the object. This approach permits the recognition of objects along with details of their exact position and orientation in respect to the camera or to a custom room reference system.
Each activity is composed of a number of actions. Each action is associated with one or more events which can be detected by the DANTE framework. Within our scenarios we have the activities as outlined in Table III. 
IV. SCENARIO
To verify the potential of our approach we have considered a number of typical ADLs and validated our concepts through a number of real experiments within a smart kitchen [1] . As previously mentioned, it has been the focus of our work to validate our concepts in instances of lack of completion of ADLs within a specific time frame. All scenarios are based on the premise that the environment within which the person will be living will be highly sensorised. This will permit monitoring and recording of their interaction along with their movements throughout the environment. 
ADL Scenario
Coffee pr eparation
Summary
The pr eparation of coffee includes a certain numbers of steps, not necessarily executed in a fixed order. In this case we have considered two actions: the po uring of the water of the kettle into the cup (W) and the po uring of the coffee into the cup (C).
Answer the telephone
If the telephone is ringing the user should answer it. In this case we have considered two actions: the ph one is ringing (R) and the user is answering the telephone (A). We have conducted 12 experiments using the DANTE system within the aforementioned smart kitchen environment. In these experiments we reproduced typical situations where ADLs were being conducted. For example, the subject is preparing coffee when the telephone rings. They answer the telephone and following the answering of the telephone they do not fmish the original activity of making the coffee. In our initial work we have considered four properties for the model: • (jJ4: missed call (the telephone rang and the user did not answer it). Due to space limitations we will only explain the construction of the syntax logic formula associated with (jJ4 .
• We have chosen this property as it contains all the features of a classic temporal activity.
The first operation is to add the temporal limitations for the property. Let ta be the minimum time that the telephone must ring prior to it being answered and let tb represent the maximum time within which the user has to answer the telephone.
The property becomes: the telephone rang for at least a time ta and the user hasn't answered it in a time tb.
Then, we split the sentence into two more simple sentences: the telephone rang for at least a time ta and the user hasn't answered it in a time tb.
R denotes the action the telephone is ringing and A denotes the action the user is answering it.
The syntax of the first sentence may be represented as: H[-tb, -tb+tJ R. This returns true if and only if the telephone rang for at least for a time tao The syntax of the second sentence may be represented as:
Where O[ -tb+ta ,OJ A is true if and only if the user has answered in the interval [-tb+ta, OJ. We insert the NOT logic due to our interest in the situation when the user does not answer the telephone.
Combining the two formulas results in the following expression:
The formulations of the remaining three properties are presented in Table IV . (tc represents the maximum time within which the user must prepare the coffee.) 
To create the dataset for the purposes of evaluation we used two applications: DANTE Visual Tracking System and a Model Checker. The log file of the video annotation from the DANTE system is used as the input to our MC. The MC subsequently verifies the data in the file against the rules summarized in Table IV . The output of the application is a file which presents the time instances where the rules have been verified.
For the execution of the experiments, we have used the Smart Environment located at the University of Ulster [1] . The environment is composed of four rooms each 17 m 2 : a living room, a kitchen, a smart meeting room and an assistive robotics lab. These environments have been installed with a wide range of networking facilities, sensor based technologies, server technology and display mediums along with a visual tracking system. For our experiments we have used only the kitchen environment. We highlight 4 from the 12 experiments which were undertaken to demonstrate the utility of our approach (refer to Fig. 1.) .
1)
Sequential activities: the user prepares coffee and afterwards he answers the phone when it rings. The formula <1>\ and <1>3 are verified as the two actions which have been executed correctly. The MC does not verify the formulas <1>2 and <1>4 hence indicating that they did not occur.
2) Interleaving activities: During the preparation of coffee the user answers the phone. In this case the formula <1>\ and <1>3 are verified and the formulas <1>2 and <1>4 are not verified.
3) Activity not completed: The user starts to prepare the coffee, i.e. puts coffee in the cup. Then the phone rings and they answer it. After the end of the conversation, they forget to fmish the activity of coffee preparation. Based on this sequence of activities <1>\ is not verified as the user does not correctly complete the activity of making coffee. The equation <1>2 is verified for some states in the path. As with the previous experiments <1>3 is verified and <1>4 is not verified.
4) Coffee preparation twice:
We wish to consider a limitation of our proposed approach. When the action W (C)
is verified, the model checker analyzes the past and the future to verify the presence of the action C (W). The limitation of the MC approach occurs when the user repeats the same activity two or more times. In this experiment the user would prepare two coffees. Water is placed in a cup and then the coffee. Water is placed in another cup, however, the user forgets to put some coffee in the second cup. In theory the formula <1>2 should be verified given that the user starts to prepare the second coffee and does not finish the activity. Nevertheless, when the MC analyzes the state which verifies the second action W, it fmds in the past and in the future the action C. In this case, this action is presented in the past and <1>2 is subsequently not verified. 
VI. CONCLUSION
This paper presents a technique for activity recognition. We have implemented a MC based on a bounded past linear logic to verify the properties of a model. The application has been tested on real scenarios within a smart kitchen. We have used the DANTE visual tracking system to create a dataset of 12 events. We have used these to build actions and activities.
The choice of the logic used has been a fundamental step to the development of the MC. It is our view that a bounded temporal past logic is a good choice for the purposes of activity recognition. A common problem of MC-based approaches is the unmanageable growth of the number of the states. In the present work we have solved this issue by implementing a MC which considers only a part of the temporal sequence hence the state space is manageable.
The execution of the experiments in a smart environment has provided the opportunity to evaluate more accurately the features of our approach. It offers several advantages: it does not require a Ground Truth for the learning phase, it is independent of the sensors utilized and therefore can be ported to several domains.
We have found two limits of this approach. Firstly, if an activity is repeated in a limited time, the application does not succeed to assign the actions to the activities. Secondly, the construction of complex formulas requires basic knowledge of the underlying logic. One future aim is to develop a higher level application to control the MC which will have the ability to mark the actions already recognized to be part of a past activity. We are also considering to extend the logic to accommodate reasoning under uncertainty.
